Background: Type 1 diabetes mellitus (T1DM) is one of the most common pediatric diseases and its incidence is rising in many countries. Recently, it has been shown that metabolites other than glucose play an important role in insulin deficiency and the development of diabetes. The aim of our study was to look for discriminating variation in the concentrations of small-molecule metabolites in the plasma of T1DM children as compared to non-diabetic matched controls using proton nuclear magnetic resonance ( 1 H-NMR)-based metabolomics.
Background
Type 1 diabetes mellitus (T1DM) is one of the most common pediatric diseases and its incidence is rising in many countries [1] . T1DM is a chronic metabolic disorder that results from a lack of pancreatic β-cell insulin production by autoimmune mechanisms [2] . Insulin is a key hormone to maintain metabolic homeostasis, regulating carbohydrate, lipid and protein metabolism, and insulin deficiency in T1DM subsequently induces a variety of metabolic derangements [3, 4] . To identify novel pathways or early biomarkers indicative of metabolic alterations that are involved in the development of diabetes, metabolomics is an increasingly used tool [5] . Metabolomics research on pediatric study populations is still in its infancy. Up to now, only a few researchers investigated the plasma metabolic fingerprint of T1DM in children, using mass spectrometry as analytical tool [6] [7] [8] . One study showed that children who later progressed to T1DM had reduced serum levels of succinic acid and phosphatidylcholine at birth, pointing towards a dysregulated metabolism preceding β-cell autoimmunity and overt T1DM [6] . In addition, methionine deficits in early childhood may lead to an increased risk to develop T1DM later in life [7] . When comparing the plasma metabolic profile of T1DM and healthy children, differences were observed in lipid metabolism (non-esterified fatty acids, lysophospholipids and other fatty acid-derivatives), and some markers of differential activity of the gut microbiota (bile acids, p-cresol sulfate) [8] . However, the use of nuclear magnetic resonance (NMR)-based metabolomics to obtain a deeper knowledge of the plasma metabolic profile of T1DM has not been fully explored in the pediatric population. Proton ( 1 H)-NMR spectroscopy has proven to be a robust and reproducible technique with very limited sample preparation (no extractions) [9] , that can detect and quantify a wide variety of metabolites simultaneously, providing information regarding the biochemical pathways involved [10] . The objective of the current study was to investigate metabolic variations in the plasma of T1DM children and adolescents as compared to plasma of non-diabetic matched controls using 1 H-NMR spectroscopy combined with multivariate statistics.
Methods

Subjects and characteristics
Children with poorly controlled T1DM (n = 7) and non-diabetic controls (n = 7) were recruited at the Department of Pediatrics of the Jessa Hospital Hasselt (Belgium) between June 2012 and November 2013. Inclusion criteria were: (1) aged between 8 and 18; (2) normal-weight according to the International Obesity Task Force (IOTF) BMI criteria [11] ; and (3) fasted for at least 8 h. All subjects were matched for gender (four males and three females in both groups), age (12.0 ± 3.0 and 13.5 ± 2.7 years, respectively), and BMI-SDS (0.03 ± 0.62 and 0.05 ± 0.55, respectively). Subject characteristics are presented in Table 1 . T1DM patients were diagnosed according to international consensus guidelines [12] . T1DM patients had diabetes for 6.8 ± 3.8 years, and were Table S1 ). None of the subjects was using lipid-lowering drugs or other medication. The study was conducted in accordance with the ethical rules of the Helsinki Declaration and Good Clinical Practice. The study protocol was approved by the medical-ethical committees of the Jessa Hospital and Hasselt University (12.27/ped12.02). Informed and written consent was obtained from all participants and their parents or legal guardian.
Biochemical measurements
Fasting venous blood of T1DM patients was collected in 2-ml fluoride-oxalate tubes for biochemical analysis at the Clinical Laboratory of Jessa Hospital. Plasma glucose was measured by the glucose oxidase method using a Synchron LX20 analyzer (Beckman Coulter, Brea, CA, USA) and HbA1c was measured using ion exchange chromatography (Menarini HA-8160 HbA1c auto-analyzer, Menarini Diagnostics, Belgium).
Sample collection, preparation and
1
H-NMR analysis
Fasting venous blood was collected in 6-ml lithium heparin tubes and stored at 4 °C within 10 min. Within 30 min, samples were centrifuged at 1600g for 15 min and plasma aliquots of 500 µl were transferred into cryovials and stored at −80 °C [13] . Detailed protocols regarding sample preparation and 1 H-NMR analysis have been previously described elsewhere [14] . Plasma 1 H-NMR spectra were rationally divided into 110 integration regions defined on the basis of spiking experiments with known metabolites [15] . These integration regions reflect the relative metabolite concentrations-i.e. the metabolic phenotype-and were used as statistical variables to construct (train) a classification model in discriminating between T1DM patients and controls.
Statistical analysis
Multivariate statistics was performed using SIMCA-P + (Version 13.0, Umetrics, Sweden). After mean-centering and Pareto scaling of the variables, unsupervised principal component analysis (PCA) was performed in order to look for clustering and possible confounders within the dataset, and to identify possible outliers by a Hotelling's T2 range test and a distance to model plot. In a next step, orthogonal partial least squares discriminant analysis (OPLS-DA) was used to build (train) a model (statistical classifier) to discriminate between T1DM patients and controls [16] . The validity of the established model was evaluated on one hand by the total amount of variation between and within the groups explained by the model [denoted as R 2 Y(cum) and R 2 X(cum), respectively] and on the other hand by the predictive ability of the model as determined by a sevenfold cross-validation [denoted as Q 2 (cum)]. To be classified as a variable that strongly contributes to the group discrimination, three selection criteria have to be fulfilled: (1) significantly different in univariate statistics (a student t test corrected for multiple testing by the Benjamini-Hochberg method), (2) an OPLS-DA absolute value of p(corr), i.e. the loading scaled as a correlation coefficient, exceeding 0.6 and (3) an OPLS-DA variable importance for the projection (VIP) value exceeding 0.5 [16] .
Results
Multivariate OPLS-DA statistics was used to train a classification model (classifier) in discriminating between T1DM patients and controls based on data input from their metabolic profile or phenotype. A PCA analysis was conducted first to look for clustering and possible confounders. Figure 1 shows that the subjects were clustered in a way that allowed T1DM patients to be clearly differentiated from controls and no outliers were detected. Moreover, staining the PCA score plots for gender, age and BMI-SDS clearly shows that none of these factors have a confounding effect on the discrimination between T1DM patients and controls, as was expected for matched groups (data not shown).
In a next step, OPLS-DA was used to build a model (statistical classifier) to differentiate between T1DM patients and controls (Fig. 2a) . The total amount of variation between the groups that can be explained by the model is 81.0% [R Table 2 ).
The plot shows that the concentrations of lipids (triglycerides, phospholipids and cholinated phospholipids) are clearly decreased in the plasma of T1DM patients as compared to controls, whereas serine, tryptophan and cysteine concentrations seem to be decreased slightly. The glucose levels on the other hand are clearly increased in the plasma of T1DM patients. These changes were also observed as significant by a univariate t test with post hoc Benjamini-Hochberg correction ( Table 3 ). The plot further shows that ketone levels (i.e. acetoacetate and β-hydroxybutyrate) are slightly elevated in T1DM patients. In order to look if T1DM patients and controls can be differentiated by a model constructed without the 15 variables related to the strong glucose signals in the 1 H-NMR spectra, the variables representing glucose were removed from the metabolic profile prior to the OPLS-DA model building (construction of the model with only 95 variables). The results are also presented in Table 2 and confirm that the relative concentrations of lipids (triglycerides, phospholipids and cholinated phospholipids) and some amino acids (serine, tryptophan and cysteine) are reduced in the plasma of T1DM patients.
Discussion
Type 1 diabetes mellitus is a serious health concern worldwide that is usually diagnosed in children and young adults [1] . T1DM is a metabolic disorder, and in recent decades it has been shown that metabolites other than glucose play an important role in insulin deficiency and the development of diabetes [4, 5] . Metabolomics, the study of small-molecule metabolites, has developed into an important tool in diabetes research [5] . In this study, we investigated metabolic variations in T1DM children and adolescents using NMR-spectroscopy-based metabolomics to gain inside into biochemical pathways that are altered in early stages of T1DM. Besides the expected higher concentration of glucose, we found lower relative concentrations for lipids (triglycerides, phospholipids and cholinated phospholipids) and the amino acids serine, tryptophan and cysteine in plasma of T1DM children and adolescents as compared to non-diabetic controls.
Our findings of relatively lower levels of lipids in the plasma of T1DM as compared to controls are in agreement with other metabolomics studies [3, 4, 6] . In a prospective Finnish study, it was found that children who developed T1DM have reduced serum levels of phosphatidylcholine at birth, next to lower levels of multiple triglycerides and phospholipids throughout the follow-up [6] . In addition, it has been demonstrated that children developing T1DM before 4 years of age have low cordblood levels of phospholipids, mainly phosphatidylcholines [17] . It is suggested that T1DM progressors are choline-deficient at birth, and that choline deficiency is the key mechanism leading to lower serum triglyceride levels and their increased accumulation in the liver [6] . Choline metabolism also depends on the gut microbial composition [18] , making the latter an attractive target for early prevention and treatment of T1DM [19] . In addition, low levels of phosphatidylcholine may play a role in oxidative damage affecting the pancreatic β-cell insulin production, because phosphatidylcholines are thought to have anti-inflammatory properties [20] . According to an NMR-based metabolomics study in adults, lower levels of triglycerides in T1DM patients may also be attributable to treatment with insulin [3] , which is known to have an anti-lipolytic action [21] . We further observed lower plasma levels of serine, tryptophan and cysteine in T1DM as compared to controls. In current literature, only a limited number of papers can be found regarding the relationship between these amino acids and T1DM. A study in diabetic db−/db− mice suggested that a strongly decreased concentration of the gluconeogenic amino acids serine, alanine and glycine, resulted in increased gluconeogenesis [22] . In addition, a study in rats suggested that tryptophan suppresses the elevation of blood glucose and lessens the burden associated with insulin secretion from β-cells [23] . Finally, reduced plasma levels of cysteine in T1DM patients can be explained by glomerular hyperfiltration, resulting in an increased renal clearance of cysteine [24] . [1] , the covariance between a variable and the classification score. It indicates if an increase or decrease of a variable is correlated to the classification score. The magnitude of the covariance is however difficult to interpret since covariance is scale dependent. This means that a high value for the covariance does not necessary imply a strong correlation, as the covariance is also influenced by the intensity of the signal with respect to the noise level. Therefore this measure will likely indicate variables with large signal intensities. The right y-axis shows p(corr) [1] , the correlation coefficient between a variable and the classification score (i.e. the normalized covariance). It gives a linear indication of the strength of the correlation. As the correlation is independent of the intensity of the variable, it will be a better measure for the reliability of the variable in the classification process. In b, the red color stands for the highest absolute value of the correlation coefficient. Strongly discriminating variables have a large intensity and large reliability 
